It is important to segment mass region accurately in a computer-aided diagnosis (CADx) scheme for evaluating the likelihood of malignancy of the mass on ultrasonographic breast image. The purpose of this study was to develop a novel level set method for segmentation of breast mass on ultrasonographic image. Our database consisted of 151 ultrasonographic images with 70 malignant and 81 benign breast masses. In a novel level set method, an energy function was defined with region-based, edge-based, and regularizing terms. The region-based term analyzed global information, whereas the edge-based term analyzed local information. The regularizing term also controlled the length of the boundary curve. The region of breast mass was segmented so that the energy based on those terms was minimized. With our proposed method, true positive (TP) ratio, false positive (FP) ratio, jaccard similarity (JS), and Dice similarity coefficient (DSC) were 92.2%, 9.1%, 84.2%, and 91.3%, respectively. These results tended to be substantially higher than those with two conventional segmentation methods. Our proposed method based on the novel level set method was shown to segment mass region accurately on ultrasonographic breast image.
Introduction
It can be difficult for clinicians to determine whether a lesion with breast mass is malignant or benign since they are often obscure at ultrasonography. The positive predictive value of ultrasonography, i.e., the ratio of the number of breast cancers found to the number of biopsies, is typically 10% -20% [1] [2] [3] [4] [5] .
To improve this positive predictive value, many investigators have developed computer-aided diagnosis (CADx) schemes [6] - [12] . Objective features for shape information such as shape irregularity, depth-width ratio, and degree of circularity were determined from the segmented mass region in conventional CADx schemes. The likelihood of malignancy for the mass was then evaluated by analyzing those features. Inaccurate segmentation of mass region will lead to inaccurate evaluation of the likelihood of the malignancy. Therefore, some investigators have developed computerized segmentation methods for breast masses on ultrasonographic images. Park et al. [13] proposed a computerized segmentation method based on wavelet transformation for solid nodules. Shan et al. [14] developed a completely automatic segmentation method using a region growing technique. These methods analyzed the likelihood that each pixel belonged to a breast mass on the ultrasonographic image. Therefore, these methods occasionally generated holes and isolated points in ultrasonographic images with speckle-pattern noise. To reduce the influence of speckle-pattern noise, it is important to analyze not only local image information but also global information.
A level set method based on an active contour model [15] [16] [17] [18] is one of the region extraction methods which have been widely used for medical images. Chan and Vese proposed a region-based active contour without edges model (ACWE) which analyzed global information such as the means of different regions, and showed better than other models for regions with weak edges [17] . However, it would be difficult to apply the ACWE into the ultrasonographic images with inhomogeneous intensities because it assumes that the image was statistically homogeneous.
It is known that a Gaussian mixture model (GMM) is effective statistical modeling method for modeling a complex distribution of image. In previous studies, GMM was shown to be useful in color data modeling and human skin color modeling [19] [20] . Therefore, we considered that it would be able to segment mass regions on ultrasonographic images more accurately by introducing the concept of statistical modeling method to a term of an energy function in the level set method.
The purpose of this study was to develop a novel level set method introduced the concept of statistical model. In the level set, an energy function was defined with three energy terms: a region-based term, edge-based term, and regularizing term. The concept of statistical model was introduced as the region-based term.
The region of the breast mass was segmented so that the energy based on those terms was minimized. The segmentation performance was evaluated by applying our proposed method to our database, and was also compared with those for two conventional segmentation methods.
Materials
Our database consisted of 151 ultrasonographic breast images obtained from 151 patients at Mie University Hospital, Tsu, Japan. It included 70 malignant and 81 benign masses. The pathology of each mass was proved by pathological diagnosis. The ultrasonographic images were acquired with an ultrasound diagnostic system (APLIO XG SSA-790A, Toshiba Medical Systems Corp.) with a 12-MHz linear-array transducer (PLT-1204AT). The diagnosis of benign cases was confirmed by fine needle aspiration, and then the patients were again examined at 6 to 12 months after the initial diagnosis. The ultrasonographic image was constructed from a pixel size of 0.05 mm × 0.05 mm and a grey scale resolution of 256. The true breast mass regions were determined as gold standard by the consensus of an experienced clinician and breast surgeon. Informed consent was obtained from all patients. Institutional review board approval was obtained for this study at Mie University Hospital.
Our database was divided randomly into two datasets A and B for optimizing and evaluating our proposed methods. The dataset A consisted of 31 malignant and 44 benign masses, whereas dataset B consisted of 39 malignant and 37 benign masses. Figure 1 shows a schematic diagram of our proposed method for the segmentation of region of breast masses. The contrast of mass region in ultrasonographic image was first enhanced using a modified sigmoid function [21] . The region of breast mass was segmented by the novel level set method with the energy function consisted of three energy terms: a region-based term, edge-based term, and regularizing term. 
Methods

Contrast Enhancement
In ultrasonographic breast images, contrast between mass and background tissue was often low. We first normalized an input ultrasonographic image (I) using a following equation.
( ) 
, CE x y was the enhanced contrast image. c was a contrast factor, whereas th was the threshold value. In the modified sigmoid function, it is possible to change the amount of lightening and darkening to control the overall contrast enhancement by adjusting c and th [21] . Kannan et al. reported that an optimal threshold value of th was between 0.3 and 0.5 [21] . In this study, c and th were set to 6.5 and 0.4, respectively.
Energy Function for Level Set Method
The input image I (=CE) was considered as a real positive function defined in a 
Energy function of our proposed method was defined as the following equation.
Here, the energy terms R E , B E , and C E were a region-based term, an edge-based term, and a regularizing term, respectively. α , β , and γ were the weights for each of the energy terms. The details of those energy terms were described in the following sections. An initial contour for the level set method was manually determined by a rectangle contour surrounding breast mass.
Region-Based Term
By using the probability distributions 
Here, P F and P B were given by
( ) P Ω were derived from the distance transform of the initial contour for the level set. The simple shape information would be utilized as the prior probability. The distance was normalized from 0.0 to 1.0. The prior probabilities were defined by the following equations.
Here, ( ) 
The EM algorithm was an iterative method to obtain ML θ . When given the current estimation of the parameter set θ , each iteration of the EM algorithm re-estimated the parameter set according to an expectation step (E-step) and maximization step (M-step) [22] [23] [24] .
Edge-Based Term
The edge-based term was defined as
g was an edge indicator which was determined by ( )
Here, PMD was the anisotropic diffusion kernel (Perona and Malik Diffusion) [25] . 
An edge stopping function was also given as
Here, L was a positive constant. When compared with a Gaussian filter [26] , the anisotropic diffusion kernel could smooth the image while preserving its brightness discontinuities [25] [27].
Regularizing Term
The regularizing term was defined as
This term avoided converging the final contour to small area due to noise such as a speckle-pattern. This term could also prevent over-segmentation [28] .
Segmentation of Mass
In order to minimize the energy function E(C) mentioned above, the level set function introduced into the energy function E(C). The C was defined by the zero level set [28] . 
H was a regularized Heaviside function which was given as ( )
Here, ε was a tiny positive parameter [15] The gradient flow was derived as the following equations.
( ) ( )
log log 
Evaluation of Shape Accuracy on Segmented Mass
To evaluate the segmentation performance of our proposed method, we measured three error metrics, which were a true positive (TP) ratio, a false positive (FP) ratio, and a Jaccard similarity (JS) [30] . The TP ratio, the FP ratio, and the JS were determined by
and
S Area was the breast mass region segmented automatically by the algorithm, whereas G Area was the true mass region determined manually as the gold standard. The TP ratio was defined as the ratio of the overlapping area between the segmented region and the gold standard region to the area of the gold standard region. On the other hand, the FP ratio was defined as the ratio of the overlapping area between the segmented region and the non-gold standard region to the area of the segmented region. The JS was given by the ratio of the overlapping area to the non-overlapping area between the segmented region and the gold standard region. We also measured a Dice similarity coefficient (DSC) [31] to evaluate the accuracy of the segmentation method. The DSC was defined as
The segmentation performance of our proposed method with the parameters optimized for the dataset A was evaluated in dataset B, whereas that with parameters optimized for dataset B was evaluated in dataset A. The parameters for the level set method were 1 2 , α α for the region-based term, β for the edge-based term, γ for the regularizing term, 0 c for level set function, iteration and L for the anisotropic diffusion kernel. Here, 1 2 , , , α α β γ were varied from 0.5 to 2.0. 0 c was also varied from 1.0 to 3.0. The iteration for the anisotropic diffusion kernel was varied from 5 to 30, whereas the L was varied from 5 to 10. Table 1 Table 2 shows segmentation accuracies of our proposed method with the optimized parameters for another dataset. When applying the proposed method optimized for dataset A to dataset B, TP ratio, FP ratio, JS, and DSC were 92.2%, 8.9%, 84.4%, and 91.5%, respectively. When applying the proposed method optimized for dataset B to dataset A, those were 92.1%, 9.4%, 83.9%, and 91.2%, respectively. There were not differences substantially in segmentation accuracies between dataset A and B. With our proposed method, average TP ratio, average FP ratio, average JS, and average DSC for datasets A and B were 92.2%, 9.1%, 84.2%, and 91.3%, respectively. Figure 2 shows an example of segmented mass region by our proposed method. 
Results
Discussion
To investigate the usefulness of our proposed method, we compared the segmentation performance for our proposed method with those for ACWE model [17] and for a level set method based on a signed pressure force function model (SPF model) [32] (see Appendix).
In the same way as our proposed method, the ACWE model and the SPF model were optimized for each of datasets A and B. The segmentation performances for those models were then evaluated by applying those models to another dataset not used for optimization. Figure 3 shows the mean values and the standard deviations for average TP ratios, average FP ratios, average JSs, and average DSCs in each of our proposed method, the ACWE model, and the SPF model. Average TP ratio for our proposed method (92.2%) was significantly greater than that for the ACWE model (83.5%, P <0.001). Here, the p value obtained with t-test. Average TP ratio for the SPF model (93.4%) was slightly higher than that for our proposed method (P = 0.011). However, average FP ratio for our proposed method was 9.1, showing a significant improvement when compared with the ACWE model (36.1, P < 0.001) and the SPF model (25.0, P < 0.001). Higher average FP ratio means causing over-segmentation. Average JS was also greater with our proposed method (84.2) than with the ACWE model (55.2, P < 0.001) and the SPF model (71.0, P < 0.001). Although the SPF model exhibited significantly improved average DSC as compared with the ACWE model (65.8 vs. 82.2, P < 0.001), our proposed method proved further improvement in average DSC (91.3, P < 0.001 compared with the SPF model). These results would imply that our proposed method can segment masses more accurately than either the ACWE model or the SPF model. On the other hand, our proposed method could correctly extract the edge of the mass with fine shape, as shown in Figure 4 (e).
When compared with the conventional two models, our proposed method could accurately segment even breast mass with obscure boundary and inhomogeneous internal intensities. Our proposed method used not only local information such as edge but also global information such as image statistical information to control the closed curve evolution. Therefore, we believe that our proposed method could reduce the influence for noise and inhomogeneous intensities. The energy function of our proposed method analyzed not only the regularizing term but also the spatial probability ( ( )
P Ω ) obtained by distance transform (region-based term). We consider that the spatial probability prevented inaccurate expansion of segmented region for mass with obscure boundary.
In this study, an initial contour for the level set method was set manually. This would be a limitation in clinical practice. It can be boring for clinicians to set initial contour manually. Therefore, we have to develop an automated algorithm for detect mass region and set initial contour in further study.
Conclusion
In this study, we developed a computerized segmentation method for breast mass on ultrasonographic image by introducing the concept of statistical model to a level set method. In our proposed level set method, the energy function consisted of a region-based term, edge-based term, and regularizing term. By using the novel energy function, our proposed method was shown to have higher segmentation accuracy than either of the conventional models.
